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Augmenting LLMs

Why do we need to
augment LLMs?

LLMs are difficult to control.

The LLM may underperform in your task.

Context windows are limited.

* Augmenting an LLM means extending its native capabilities by connecting it to external resources or
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Ower the last two days after my claim "long context will replace RAG", |

have received quite a few criticisms (thanks and really appreciated!) and

many af tham stand a reasonable point. Here | have gathered the major fficial Source
counterargument, and try to address then one-by-onea (feels like a paper

rebuttal}:

- RAG is cheap, long context is expensive. True, but remember,
compared to LLM, BERT-small is also cheap. and n-gram is even

smart first, then makes smart models cheaper -- history of Al tells it is
much easier to make smart models cheaper than making cheap
model smart -- when it is chaap, it's never smart.,

- Long context can mix retrieval and reasoning during the whole
decoding processing. RAG only does the retrieval at the very beginning.
Typically, gilven a guestion, RAG retrieves the paragraphs that is related
to the gquestion, then generate. Long-context does the retrieval for every
layer and every token. In many cases the model needs to do on-the-fly
per-token interleaved retrieval and reasoning, and only knows what to
retrieve after getting the results of the first reasoning step. Only long-
context can do such cases.

- RAG supports trillion level tokens, long-context is 1M. True, but
there is a natural distribution of the Input document, and | tand to
believe most of the cases that requires retrieval is under million lewvel.
For example, imagine a layer working on a case whose input is related
legal documents. or a student leaming machine learming whose input are
three ML books —— does not feel as long as 1B right?

- RAG can be cached, long-context needs to re-enter the whole

document. This |5 a commaon misunderstanding of long-context: thare|

caching and memory hierarchy ML system working with kv cache. This is
to say, you only read the input ence, then all subsequent gueries will

reuse the kv cache. One may argue that kv cache is large — ture, but
don't womry, we LLM researchers will give you crazy kv cache ma3
compression algorithms justin time.
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= ¥ou also want to call a search engine, which is also retrieval. Jue,

dlaude 2

researchers whosa imagination can be wild -- for exampla, why not

letting the language modal directly attend to the entire google search
index, l.e., let the model absorb the whele google. | mean, since you 5
guys believe in AGI, why not? fauze

- Today's Gemini 1.5 1M context is slow. True, and definitely it neads to
be faster. I'm optimistic on this — it will definitely be much faster, and

eventually as fast as RAG

Let's sea how things go, shall wa?

systems rather than relying solely on its internal (trained) knowledge.
« Augmenting LLMs turns them from smart text generators into reliable, knowledge-grounded,

action-capable systems.

Kian Katanforoosh



Augmenting LLMs

Two dimensions to enhance your
LLM: model and context optimization
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Augmenting LLMs: Better Prompts - Prompt
Engineering
Basic Prompt Design
Principles

Example Prompt: Improved Prompt: Improved Prompt (even better):
"Summarize this document.”’ "Summarize this 10-page scientific paper on Giving Clear Instructions:
renewable energy in 5 bullet points, focusing on
kev findings and implications for policymakers." "Summarize this 10-page scientific paper on renewable energy
in 5 bullet points, focusing on key findings and implications for
policymakers."”
Encouraging the Model to Think Step by Step:
Approach this task step by step, and do not skip any step:
The model has no context about: Why It's Better
« The type of document (e.qg., a scientific paper, « Specifies the document type: scientific paper Breaking Down the Complex Task into Steps:
a business report, a novel). on renewable energy.
« The desired summary length (bullet points, « Targets an audience: policymakers. Step 1. Identify the three most important findings from the paper:
one sentence, or a paragraph). - Defines the format: 5 bullet points. Step 2 Explain how these findings impact renewable energy policy.
- . F A . F itep 3 Wi 34 t 7 WA - int addressi
- The target audience (technical experts, « Highlights focus areas: key findings and Toniing and s policy gttt R
general readers, or executives). implications.

Kian Katanforoosh




Augmenting LLMs: Better Prompts - Prompt
neering

Eng

Prompt Templates

A prompt template is a pre-defined structure
with placeholders for dynamic inputs.

Example: "Summarize the following text for
[audience] in [format]: [text]."

Here, [audience], [format], and [text] are
placeholders.
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Augmenting LLMs: RAG = Retrieval-Augmented Generation

ldea: Augment prompt with relevant pieces of information

1. Retrieve relevant document via similarity operation across the knowledge base
2. Augment prompt with retrieved information
3. Generate response

C=) L

Retrieval Augmentation Generation

————————— ———— ———— ——————— ————
n

{Quon = 3 E >@ >©

INformation?} B

Prompts E LLMNM Response

Retrieval : Search and fetch relevant
information from the knowledge base

Augmentation : Add the retrieved information
to the original user question

Generate : Generate the response using an LLM
based on the augmented user question and
retrieved information

 Knowledge Base
Non-parametric Memory

created via the
indexing pipeline

https://pub.towardsai.net/a-taxonomy-of-retrieval-augmented-generation-a39eb2c4e2ab



https://pub.towardsai.net/a-taxonomy-of-retrieval-augmented-generation-a39eb2c4e2ab
https://pub.towardsai.net/a-taxonomy-of-retrieval-augmented-generation-a39eb2c4e2ab
https://pub.towardsai.net/a-taxonomy-of-retrieval-augmented-generation-a39eb2c4e2ab
https://pub.towardsai.net/a-taxonomy-of-retrieval-augmented-generation-a39eb2c4e2ab
https://pub.towardsai.net/a-taxonomy-of-retrieval-augmented-generation-a39eb2c4e2ab
https://pub.towardsai.net/a-taxonomy-of-retrieval-augmented-generation-a39eb2c4e2ab
https://pub.towardsai.net/a-taxonomy-of-retrieval-augmented-generation-a39eb2c4e2ab
https://pub.towardsai.net/a-taxonomy-of-retrieval-augmented-generation-a39eb2c4e2ab
https://pub.towardsai.net/a-taxonomy-of-retrieval-augmented-generation-a39eb2c4e2ab
https://pub.towardsai.net/a-taxonomy-of-retrieval-augmented-generation-a39eb2c4e2ab
https://pub.towardsai.net/a-taxonomy-of-retrieval-augmented-generation-a39eb2c4e2ab
https://pub.towardsai.net/a-taxonomy-of-retrieval-augmented-generation-a39eb2c4e2ab
https://pub.towardsai.net/a-taxonomy-of-retrieval-augmented-generation-a39eb2c4e2ab
https://pub.towardsai.net/a-taxonomy-of-retrieval-augmented-generation-a39eb2c4e2ab

Retrieval-Augmented Generation

Challenges with Standalone LLMs

Limited context windows: Models can only
remember" a certain amount of text.

Knowledge gaps: Models can't provide

iInformation beyond their training cut-off date.

Hallucinations: Outputs may be incorrect or
ungrounded in reality.

Lack of sources: which is hecessary in many
applications, such as search.

How RAG Solves These Problems

Integrates external knowledge sources (e.qg.,

databases, documents, APls).

Ensures answers are more accurate, up-to-
date, and grounded.

More developer control. Allows for targeted
customization without retraining the model

Kian Katanforoosh



Information Retrieval System

« An Information Retrieval system is concerned with finding relevant documents from a large
collection of documents in response to a user’s information need.
« Key Components
1. User
- The user has an information need, such as wanting to learn about a topic or find
specific facts.
2. Query
- The user expresses their information need as a query (e.g., keywords or phrases).
3. Document Collection

- Alarge set of documents (text files, web pages, PDFs, etc.) stored in the system.
4. IR System

- Processes the query.
- Compares the query with documents in the collection.

- Estimates which documents are relevant to the user’s need.
5. Retrieved Documents

- One or more documents that best satisfy the information need are returned to the user,
often ranked by relevance.



Basic IR Process

Information Meed

1. User has an information need i |

2. User formulates a query

Information

3. IR system searches the document collection

Retriewval System

4. System identifies relevant documents

w

Document Collection

5. Documents are ranked and returned to the user

1
|
({Documents) |
|

w

Relevant Documents

{Ranked Results)

b

User



Information Retrieval (IR) vs Database Systems (DBMS)

Information Retrieval (IR) System Matching Philosophy
. Designed to find relevant documents - IR System: Best Match
that satisfy a user’s information need — Uses similarity measures (e.g., cosine
Works with unstructured or similarity, BM25)
seml-structuregl data — Results are probabilistic
Returns approximate answers, ranked — “This document is more relevant than that
by relevance one”

L4 Example: Google Search, digital libraries,

document search engines Database System: Exact Match

— Uses Boolean logic (AND, OR, NOT)

Database Management System (DBMS)  — Results are deterministic |
Designed to store and retrieve exact — “This record satisfies the condition or it
data does not” (SELECT * FROM books
Works with structured data WHERE topic = 'Information Retrieva

Returns precise answers to exact queries
.« Example: Bank systems, student records,
inventory databases



Web search

Google

[ & AlMode

“}

Google Search I'm Feeling Lucky



Not just the web

Major Uses of Information Retrieval
e Searching our email

e Searching corporate documents

« Searching personal medical records

* |R as a Core Component of Large Language Models (LLMs)

— Retrieval-Augmented generation (RAG)
— RAG combines:

* Information Retrieval — find relevant documents
« Language Models — generate answers using retrieved content




In most cases we do "ranked retrieval®“ in IR

* The retriever returns top-k documents
e These are ranked
« We can show the user these, or some subset.

Document
Processing
& Indexing

Document
Index

(" Search

Maximize: |
document collection Document Ranked
Documents
Relevance

. Score

Query
Processing



Document Relevance Score

« (Goal is to assign a score to each document for whether it meets the user's
information need

 We get approximate scores by the textual similarity between the query and
the documents. Relevant documents are ranked by their relevance score.

All Documents

Relevant

| Retrieved

| Relevant

Retrieved

Non-Relewvant

Relevance: How well a document satisfies the
user’s information need

Precision: Fraction of retrieved documents that
are relevant

Recall: Fraction of relevant documents that are
retrieved



Two architectures

Modern Information Retrieval systems mainly use two architectures:
— Sparse retrieval
— Dense retrieval

Both represent queries and documents as vectors and compute similarity
between them.

Sparse retrieval

— represent query and doc as vectors of word counts
— weighted by tf-idf, BM25

Dense retrieval

— Use LLM to represent query and doc as embeddings

In both cases, similarity is dot product or cosine similarity between query and
document representations



Sparse retrieval: The vector model of IR

« Gerard Salton (1971)introduced the Vector Space Model (VSM) of
information retrieval

* |In 1971, Salton formalized the Vector Space Model, which established the
core idea that:
— Queries and documents can be represented as vectors, and relevance can be
computed using vector similarity.
* This is exactly the idea underpinning both sparse and dense retrieval
today.



Sparse Retrieval Representation

* Represent a document as a vector of counts of the words it contains.
e Query and documents are represented as high-dimensional sparse vectors

e Each dimension corresponds to aterm (word) in the vocabulary

e Mostvalues are zero

Antony Julius The Hamlet Othello Macbeth ...
and Caesar Tempest
Cleopatra
Antony 1 1 0 0 0 1
Brutus 1 1 0 1 0 0
Caesar 1 1 0 1 1 1
Calpurnia 0 1 0 0 0 O
Cleopatra 1 o 0 0 0 O
MeTrcy 1 o 1 1 1 1
wWorser 1 o 1 1 1 o

= Figure 1.1 A term-document incidence matrix. Matrix element (£, d) is 1 if the play
in column & contains the word in row £, and is 0 otherwise.



Bag-of-words model

« A document is represented by the words it contains and their frequencies,
ignoring grammar, word order, and syntax.
— Only which words appear and how often matters
— The document is treated as a “bag” of words

adventure 1
and 3
I lowve this mowvie! It's sweet, N . fE;lE:e ::
but with satirical humor. The falr}; always love o it great b
dialogue is great and the L wwhimsical it 1 g
armnd are hawve 1
adventure scenes are fun... friend =EE anyone o b
It manages to be whimsical nhappy dialogue = ' s
and romantic while laughing adventure rec:omrr_lenl it &
at the conventions of the whoSweet of rﬁg:::'leca it satirical 1
fairy tale genre. | would —— T ! but 1 39N [ = =aud A
recommend it to just about sewveral ) wet
. . aagain the bhumor sweet 1
anyone. I've seen it several the = it 14 the a
times, and I'm always happy t Seen I Vo L :
: _ o == the manage imes 1
to see it again whenewver | £ the .
- . g times 5nhd to =
hawve a friend who hasn't anmnd ; ;
seen it yet! whenewver about while whimsical 1
W ! ) have wvwould 1
L oconventions
wwith wet 1

Figure 11.2 Intuition of the classic vector space model applied to a single document. The position of the

words is ignored (the bPag-of-words assumption) and we make use of the frequency of each word.

* Vector representation of thedocument: [131111156121413111]
* Assuming that we limited ourselves to these 18 dimensions andignored all the other words in English



Term-document matrix

Each document is represented by a vector of words

The term-document matrix for four words in four
Shakespeare plays. The red boxes show that each
document is represented as a column vector of length four.

As You Like It Twelfth Night Julius Caesar Henry V

battle 1 0 ] 13
good 14 80 62 39
fool 36 58 1 4

wit 0 15 2 3

The term-document matrix for four words in four Shakespeare plays.



Visualizing document vectors

A spatial visualization of the document vectors for the four Shakespeare play documents, showing just two of the
dimensions, corresponding to the words battle and fool. The comedies have high values for the fool dimension and
low values for the battle dimension.

40
Henry V [4,13]
O 15 7
S
g 10 7/ Julius Caesar /1,7]
> 7] As You Like It /36,1]  Twelfth Night /58,0]

e

| | | | | | | | | ]
5 10 15 20 25 30 35 40 45 50 55 60

fool




Vectors are the basis of information retrieval

As You Like It Twelfth Night Julius Caesar Henry V

battle 1 0 ] 13
good 14 80 62 89
fool 36 58 1 4

wit 0 15 2 3

« Vectors are similar for the two comedies
 You Like It [1,114,36,20] and Twelfth Night [0,80,58,15]
look a lot more like each other

« But comedies are different than the other two plays
Comedies have more fools and wit and fewer battles.



Vector representations of queries and

documents
e Suppose we are looking for a witty fool play:
e Query = "fool wit"
As You Like It Twelfth Night Julius Caesar Henry V
battle | 0 ] 3
good 14 80 62 89
fool 36 58 1 4
wit 0 15 2 3

Query

—_—— O O




Choose the document that is most similar to the query

* Which of d,, d,, dj, d, is most similar to q7

d1 d2 d3 d4 q

As You Like It Twelfth Night Julius Caesar Henry V Query

battle 1 0 7 3 0
good 14 80 62 89 0
fool 36 58 1 4 |
wit 0 15 2 3 1




Similarity methods are variants of dot product

« The dot productisq-d
* score (q,dy) =q-d;=

d1 d2 d3 d4 q

As You Like It Twelfth Night Julius Caesar Henry V Query

battle 1 0 7 3 0
good 14 80 62 89 0
fool 36 58 1 4 |
wit 0 15 2 3 1




In fact we use cosine

q d

score(qg.d) = cos(q.d) = a1d



But raw frequency is a bad representation

he co-occurrence matrices we have seen represent
each cell by word frequencies.

Frequency is clearly useful; if sugar appears a lot near
apricot, that's useful information.

But overly frequent words like the, it, or they are not very
informative about the context

It's a paradox! How can we balance these two conflicting
constraints?



TF-IDF, PMI and BM25

TF-IDF (Term Frequency — Inverse Document Frequency)

 TF-IDF is a term-weighting scheme used in Information Retrieval to measure how important a word is to a
document relative to a collection.

* It improves over raw word counts by:

— rewarding terms frequent in a document
— penalizing terms common across many documents

PMI — Pointwise Mutual Information

« PMI (Pointwise Mutual Information) is a statistical measure used to quantify how strongly two events
(typically words) are associated compared to what we would expect if they were independent.
 InIR and NLP, PMI is often used to measure:
— Word-word association
— Collocations (e.g., “information retrieval”)
— Semantic relatedness in sparse models

BM25 (Best Matching 25) is a probabilistic ranking function used in sparse information retrieval to score how
relevant a document is to a query. BM25 improves on TF-IDF by:

— Saturating term frequency

— Normalizing document length

— Using a probabilistic motivation



Two common solutions for word weighting

o tf-idf: tf-idf value for word t in document d:

W;)d — tfl‘,d X ldft
Words like "the" or "it" have very low idf

e PMI: (Pointwise mutual information)

p(WLWZ)
p(w1)p(wz)

— PM'(Wl,Wz) — log

See if words like "good" appear more often with "great"
than we would expect by chance



Term frequency (tf) in the tf-idf algorithm

* We could imagine using raw count:

tf, ;= count(z,d)

« But instead of using raw count, we usually squash a bit:

1 +log,;gcount(z,d)  if count(t,d) >0

tf d = .
: 0 otherwise



Document frequency (df)

» df, /s the number of documents t occurs in.

* (note this is not collection frequency: total count
across all documents)

» "Romeo" is very distinctive for one Shakespeare
play:

Collection Frequency Document Frequency

Romeo 113 1
action 113 31




Inverse document frequency (idf)

. N
ldfl‘ — loglo (d_f)
[

N is the total number of documents
in the collection

Word df 1idf
Romeo | 1.57
salad 2 1.27
Falstaff 4 0.967
forest 12  0.489
battle 21 0.246
wit 34 0.037
fool 36 0.012
good 37 0
sweet 37 0



What is a document?

« Could be a play or a Wikipedia article

« But for the purposes of tf-idf, documents can be anything; we often call
each paragraph a document!



« Raw counts:

Final tf-idf weighted value for a word

Wud — tfl‘,d X ldft

As You Like It Twelfth Night Julius Caesar Henry V
battle 1 0 7 13
good 114 80 62 89
* ool 36 58 1 4
wit 20 15 3
As You Like It Twelfth Night Julius Caesar Henry V
battle 0.246 0 0.454 0.520
good 0 0 0 0
fool 0.030 0.033 0.0012 0.0019
wit 0.085 0.081 0.048 0.054




TF-IDF: a worked example

An example of a tiny query against a collection of 4 nano documents

Query: sweet love

Doc 1: Sweet sweet nurse! Love?
Doc 2: Sweet sorrow

Doc 3: How sweet 1s love?

Doc 4: Nurse!



TF-IDF weighted cosine

score(q.d) = cos(q.d) = % - %
Fidff,g ide.d

soore(g.) =
;\/Zq{eq ZUR(W) \/2 l (6.0



TF-IDF weighted cosine

0 otherwise

N
log; d_fz

g =Y tidi(r,) tidf(r, )
(T ) Tt )

i {1 +log,gcount(z,d)  if count(t,d) > 0
t,d —

1df;




TF-IDF nano-example

Query: sweet love

Doc 1: Sweet sweet nurse! Love?
Doc 2: Sweet SOrrow
Doc 3: How sweet i1s love?

Doc 4: Nurse!



TF-IDF nano-example

Query
word cnt tf df idf  tf-idf n’lized = tf-idf/|g]
sweet 1 1 3 0.125 0.125 0.383
nurse O 0O 2 0.301 0O 0
love I 1 2 0.300 0.301 0.924
how O O 1 0.602 0O 0
sorrow O O 1 0.602 0 0
1S O O 1 0.602 0O 0
q| = V/.1252 + 3012 = .326




TF-IDF nano-example

Computation of tf-idf cosine score between the query and nano-documents 1 and 2

Document 1 Document 2

word cnt tf tf-idf n’lized x ¢ cnt tf tf-idf n’lized xq
sweet 2 1.301 0.163 0.357  0.137 1 1.000 0.125 0.203  0.0779
nurse 1 1.000 0.301 0.661 0 0 O 0 0 0
love 1 1.000 0.301 0.661  0.610 0 O 0 0 0
how 0 0 0 0 0 0 O 0 0 0
sorrow O 0 0 0 0 1 1.000 0.602 0.979 0

is 0 O 0 0 0 0 O 0 0 0

di| = v/.163%2 + 30124 .3012 = 456 dr| = /. 1252 + 6022 = 615

Cosine: ) of column: 0.747 Cosine: ) of column: 0.0779




Goal: rank documents in D by their TF-IDF-
weighted cosines with query g

Do we have to consider all documents in D?
No!

We can ignore all documents that don't have any query words!

They will have a cosine of 0!



Efficiency with The Inverted Index

How do we efficiently find all documents that contain a query term q,?
Use an index!

Which for historical reasons we call an inverted index!



Inverted Index

* An inverted index consists of two parts, a
dictionary and the postings.
« we use it for making the search efficient.

Doc 1:
Doc 2:

Doc 3:
Doc 4:

Sweet sweet nurse! Love?
Sweet sorrow

How sweet 1s love?!
Nurse!

Dictionary G

ostin
how {1} — 3
s {1} — 3
love {2} — 1
nurse {2} — 1
sorrow {1} — 2[
sweet {3} — 12

7

df —

Doc#

?/f“~tf

[ —3[I]
[|—4]I]

—+2[1]—=3[1]



Evaluation of IR: Precision and Recall

We saw these already for classification

gold standard labels

gold positive  gold negative

system " e
system pgsitive true positive | false positive
output

t . .
labels nsey;afil\l,le false negative | true negative

.. _1Ip
P .
tp+tn
accuracy =
y tp+p+tnt+in

Precision: % of selected items that are correct
Recall: % of correct items that are selected



Precision and Recall for IR

User makes an information request
Every document in collection is either:
* Relevant to the user
* Not relevant to the user
*The system retrieves a ranked set of documents



Evaluation of IR

All Documents

Relevant Relevance: How well a document satisfies the

user’s information need

Retrieved Precision: Fraction of retrieved documents that

Recall: Fraction of relevant documents that are

Retrieved retrieved

|

|

|

.

| | Relevant
| |

|

| Mon-Relewvant
|

I
|
|
|
| are relevant
|
|
|
|




Precision for IR

Precision = % of retrieved documents that are relevant
System retrieves two kinds of documents
relevant documents
irrelevant documents

Collection

Releyant Retrieved

documents documents

Relevant retrieved
documen ts

[relevant retrieved docs|
Precision = =eeeeeeeccommmmmeeeeeeeeeeeeeeee
. [relevant retrieved docs| + |irrelevant retrieved docs|



Recall for IR

Recall = % of relevant documents that are retrieved

Recall = |retrieved relevant documents]




Problem with classic IR

 The vocabulary mismatch problem

« tf-idf or BM25 cosine similarities only work if there is exact word overlap
between query and doc!

But query-writer can't know the exact words the doc might include!



Dense Retrieval

Representation

*Query and documents are represented as dense vectors (embeddings)
*Generated using neural models / LLMs
«Lower dimensional (e.g., 384, 768, 1024)

Ex:

Query embedding:

(0.12, -0.34, 0.88, ..., 0.05]
Document embedding:

(0.10, -0.30, 0.91, ..., 0.07]



Dense Retrieval

Sparse Retrieval vs Dense Retrieval:

Sparse retrieval represents text using weighted word counts (TF-IDF, BM25), while
dense retrieval uses neural embeddings; in both cases, relevance is computed via
vector similarity such as dot product or cosine similarity.

Aspect Sparse Retrieval Dense Retrieval
Representation Word counts Embeddings
Model TF-IDF, BM25 LLM / neural encoder
Vocabulary Explicit terms Latent semantics
Vector size Very large, sparse Small, dense
Semantic matching Weak Strong

Typical use Search engines RAG, semantic search



Hypothetical version of dense retrieval: static
embeddings

« Sparse representation work only if there is exact overlap of words between
the query and document.

* The solution to this problem is to use an approach that can handle
synonymy:
— instead of (sparse) word-count vectors, using (dense) embeddings.

— Replace tf-idf vectors with, e.g., word2vec
Query: the mean of the embeddings of each query word
Doc: the mean of the doc word embeddings
Now just compute query-doc cosine as normal.

* We don't do this
* because contextual embeddings work much better!



Dense retrieval #1: Single encoder

 The most powerful approach is to present both the query and the document to a single
encoder, allowing the transformer self-attention to see all the tokens of both the query and

the document, and thus building a representation that is sensitive to the meanings of both
query and document.

o z = BERT(q; [SEP];d) [CLS]

i
L TR

score(q,d) = softmax(U(z))

The BERT system together with the
linear layer U can then be fine-tuned
for the relevance task by gathering a
tuning dataset of relevant and non-
relevant passages.

* Use assingle encoder to jointly encode query and document and finetune to produce a relevance score with a
linear layer over the CLS token. This is too compute-expensive to use except in rescoring



Dense retrieval #1: Single encoder

o « Usually the retrieval step is not done on an
! ,:%\ entire document.

“cLs | | ~* Instead documents are broken up into smaller
4 ' = . =) passages, such as non-overlapping fixed-

e SE— length chunks of say 100 tokens, and the

: retriever encodes and retrieves these
passages rather than entire documents.

* Training:

BERT and linear layer U can then fine-tuned

for relevance

Creating a tuning dataset of relevant and
non-relevant passages.




Dense retrieval #2 (bi-encoder)

» At the other end of the computational spectrum is a much more efficient architecture, the
bi-encoder. In this architecture we can encode the documents in the collection only one time

by using two separate encoder models, one to encode the query and one to encode the
document.

s(q.d)

!

z, = BERT,(q) [CLS]
z; = BERTp(d) [CLS]

score(q,d) =z,-24

“ I/

|
d

I

“ I

|
|
| “ |

l“

Docurm=nt

(b)

Use separate encoders for query and document, and use the dot product between CLS token outputs for the
guery and document as the score. This is less compute-expensive, but not as accurate.



Dense retrieval #2 (biencoder)

s(q.d)
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Document

Encode doc vectors In
advance.

Encode query when it
arrives

Score is dot product
between query vector
and precomputed doc
vector

Cheaper but less
accurate



In-between dense retrieval methods

« Use cheap methods (like BM25) as first pass relevance ranking for each
document,
— Then just rerank the top N ranked docs,
— Using expensive methods like the full BERT scoring



ColBERT

Another intermediate approach is the ColBERT approach of Khattab and
Zaharia (2020) and Khattab et al. (2021), shown in Fig. 11.12.

This method separately encodes the query and document, but rather than
encoding the entire query or document into one vector, it separately encodes
each of them into contextual representations for each token.

These BERT representations of each document word can be pre-stored for
efficiency.

The relevance score between a query g and a document d is a sum of
maximum similarity (MaxSim) operators between tokens in g and tokens in d.



ColBERT

s(q,d)

N

score(q,d) = ;1}1”:5]}{ E,-Es

(10 @80 1 1) @8 @80 (1 10

Query Document



Training for dense retrieval

« ColBERT and other models need to be trained

« To fine-tune the BERT encoders and train the linear layers (and the special [Q] and [D]
embeddings)

— On datasets of triples (q,d+,d-) triples of query q, positive document d+ and negative
document d-to produce a score for each document

« Some datasets like MS MARCO Ranking have positive examples



Efficiency In dense retrieval

 We must rank every document for its similarity to the query!
« Efficiency for sparse word-count vectors: inverted index

« Efficiency for dense retrieval:

— For dense vector algorithms finding the set of dense document vectors that have the
highest dot product with a dense query vector is an instance of the problem of nearest
neighbor search.

— nearest neighbor search: finding the set of dense document vectors that have the highest dot
product with a dense query vector.

— Modern systems make use of approximate nearest neighbor vector search algorithms like
Faiss (Johnson et al., 2017).

« Approximates the doc vector by a smaller quantized vector



Retrieval-Augmented Generation
RAG

« The information retrieval techniques we introduced in the prior section can be
integrated into language models via a method called retrieval-augmented
generation or RAG.

* |n the basic RAG scenario that we will describe in this section, we use IR
techniques to retrieve documents from some specified store of documents
that are likely to have useful information.

 Then we use a large language model to generate an answer conditioned
on these documents in addition to the original query.



IR plays a central role in modern LLMs

« How to answer factual questions like
«  Where is the Louvre Museum located?
« How to get a script | in latex?

Where does the energy in a nuclear explosion come from?



Just prompt an LLM!

4 Al Overview

The main Louvre Museum is located in Paris, France,
at the Musée du Louvre, 75001 Paris, France. It is sit-
uated on the Right Bank of the Seine River in the city's
1st arrondissement, housed within the historic Louvre
Palace. &

» Address: Rue de Rivoli, 75001 Paris, France.

* LLMs seem to store facts in the connections in their feedforward layers!



But there are issues!

 LLMs Hallucinate

— Hallucination: a response that is not faithful to the facts of the world.
— In the legal domain LLMs were shown to hallucinate up to 88% of the time! Dahletal (2024)

« Can't use Proprietary Data

— People need to ask questions about:
personal email.
healthcare applications to medical records.
internal corporate documents
legal documents discovery

« Can't Handle Dynamic Data
— LLMs can't answer questions about rapidly changing information

— Things that happened last week
— In general, data shifts over time



Drawbacks of LLMs

Hallucination

Outdated information ) S "‘"325?3‘1?3&“’ | ufé?fu"u“.’l?aﬁ'l,&% e
- y N Bl | Ve

Low efficiency in parameterizing knowledge 8L | 4@ 5 3’ ¢

Lack of in-depth knowledge in specialized domains
Weak inferential capabilities

PraCtical Requ‘irements Of Appllcatlon L lncfochmonuomuslnna Ve Nack doe e lack of egficeagieent
¥ perumeqoonecamuad hvddge [ hnowloge _maromeriod fields

—— speculuaae-l flellds ~

Domain-specific accurate answering

Frequent updates of data

Traceability and explainability of generated content

Controllable Cost

Draw by DALL-E-3

Privacy protection of data

Source: Haofen Wang



Solution: RAG

» Retrieval-Augmented Generation

1. Use IR to retrieve documents from some
collection

2. Then use LLM to generate an answer
conditioned on the documents



Retrieval Augmented Generation (RAG)

User prompt:

When was

the premiere of —
The Magic Flute?

-

Retriever

-
£
(

Indexed Docs

~

Generator

>

S

Corpus of
Documents

Relevant
Docs

Prompt
formulation _)

g
Knowledge
Citation

—

1791, according
to this page



Basic RAG

Given a document collection D and a user query q
Call a retriever to return top k passages
Create a prompt that includes g and the passages
Call an LLM with the prompt



Schematic of a RAG Prompt

retrieved passage 1

retrieved passage 2

retrieved passage k

Based on these texts, answer this guestion: What year
was the premiere of The Magic Flutae?
‘—'I




RAG

The task for the language model is then to generate text according to this
probability model:

PXL, . Xy) H p(xi|R(q) ; Answer the following question... ; ¢ ;x.;)



» Retrieval-Augmented Generation (RAG)

When answering questions or Input Indexing

generating text, it first retricves ocoeecd Query Jocccoot : ﬁ| )}

relevant information from a large ' How do you evaluate the fact s Documents
User > 9 that OpenAl's CEO, Sam Altman, I < N
number of documents, and then | went through  sudden dismissal  *
i by the board in just three days -
LLMs generates answers based Output F  liansadeaioe e : |
- . : ompany, resembling a real-life ‘
on this information. P i Ve o
+  version of "Game of Thrones" in ‘ t Retri |
v terms of power dynamics? ; etrieva
By attaching a cxternal : : ( Relevant Documents ]
1 .4 @m unable to provide comments on
- 2 s | . . 2 e - i + W
knowledge base, there 1s no need | | future events. Currently, | donothave | | :
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: | ' i i s g ' v Chunk 1: "Sam Altman Returns to !
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y ' strategic decisions. All of these twists M \ Chunk 2 : - ' Board to Und Restruct . ,
. ' % . - ' .and turns reflect power struggles and ez ' g 03TAT0 UNTErgo Resruciunng '
suitable for knowledge-intensive Vil bmsmnxic gy | Chunk3: : : :
: OpenAl.. . e ¢+ Chunk 3: “The Personnel Turmoil at '
taSkS. X , , Combine Context > ' OpenAl Comes to an End: Who Won
Seeeemand o - |eesssama- + and Who Lost?" ]
and Prompts ' :
p N ‘,

A typical case of RAG

Source: Haofen Wang



» Symbolic Knowledge or Parametfic Knowledge

Ways to optimize LLMs.

External Knowledge
Required

High
Prompt Engineering

Retrieval-Augmented
Generation

Instruct / Fine-tuning

Low

4

.

Modular RAG e
Organic combination of \
{ multiple modules \
\

( Retriever Fine~tuning )

( Collaborative Fine—tuning>

|
s ‘ | I
Advanced RAG ! : v
Index/pre-retrieval/post-retrieval \
optimization

3 QGenerator Fine-tuning )

. e
¥ \ i All of the above
! P [ ~
]
Naive RAG RAG \
Add relevant contextual 'l
paragraphs 3 sessomece
T “ e
| .4..,_____________;‘\‘
s ) ) : Fine-tuning
XoT Prompt Prompt Engineering ; 7
e.g. CoT, ToT - y

A -

1 y
CFew-shot Prompt)

h 3
e ( Standard Prompt )

Model Adaptation

Low High

A typical case of RAG

Source: Haofen Wang

* Required



RAG vs Fine-tuning

Source: Haofen Wang

Feature Comparison

RAG

Fine-Tuning

Knowledge Updates

Directly updating the retrieval knowledge
base ensures that the information remains
current without the need for fregquent retrain-
ing, making it well-suited for dynamic data
environments.

Swores static data, requiring retraining for
knowledge and data updates.

External Knowledge

Proficient in leveraging external resources,
particularly suitable for accessing documents
or other structuredSunstrmictured databases.

Can be utilized to align the externally ac-
quired knowledge from pretraining with large
language models, but may be less practical
for frequently changing data sources.

Data Processing

Involves minimal data processing and han-
adlimg.

Depends on the creation of high-guality
datasets, and limited datasets may not result
in significant performance improvements.

Model Customization

Focouses on information retrieval and inte-
grating external knowledge but may ot fully
customize model behavior or writing style.

Adlows adjustments of LM behavior, writ-
ing style, or specific domain knowledge
based on specific tones or terms.

Interpretability

Responses can be traced back to specific data
sources, providing higher interpretability and
traceability.

Similar to a black box, it is not always clear
why the model reacts a certain way, resulting
in relatively lower interpretabdlity.

Computational Resources

Depends on computational resources to sup-
port retrieval strategies and technologies re-
lated o databases. Additionally, it requires
the maintenance of external data source inte-
gration and updates.

The preparation and curation of high-guality
training datasets, defining fine-tuning objec-
tives, and providing corresponding computa-
tional resources are Necessary.

Latency Requirements

Involves data retrieval, which may lead to
higher latency.

LILM after fine-tuning can respond withouwt
retrieval, resulting in lower latency.

Reducing Hallucinations

Inherently less prone to hallucinations as
cach answer is grounded in retrieved evi-
dence.

Can help reduce hallucinations by training
the model based on specific domain data but
may still exhibit hallucinations when faced
with unfamiliar input.

Ethical and Privacy [Issues

Ethical and privacy concerns arise from the
storage and retrieval of text from external
databases.

Ethical and privacy concerns may arise due
1o sensitive content in the training data.




» RAG Applications

Scenarios where RAG is applicable:

« Long-tail distribution of data

« Frequent knowledge updates

* Answers requiring verification
and traceability

« Specialized domain knowledge

« Data privacy preservation

fQ&A A

RETRO (Borgeaud et al2021)
REALM (Gu et al, 2020)
ATLAS (lzacard et al, 2023)

- )
N

Summary
FLARE (Jiang et al, 2023)

~

/;‘ai:t Checking
RAG (Lewis et al, 2020)
ATLAS (lzacard et al, 2022)
Evi. Generator (Asai et al,
2022a)

- J

Natural Language
Inference

KNN-Prompt (Shi et al., 2022)
NPM (Min et al., 2023)

- J

Machine Translation
KNN-MT (Khandelwal et al.,
2020)TRIME-MT (Zhong et
al., 2022)

' )

Dialog

BlenderBot3 (Shuster et
al.2022)
Internet-augmented
generation

- J

Source: Haofen Wang
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Sentiment A
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kKNN-Prompt (Shi et al.,
2022)NPM (Min et al., 2023)

(Komeili et a., 2022)

o )
-

Code Generation
DocPrompting (Zhou et al.,
2023

Matural ProverWelleck et al.,
2022)

- J
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Commonsense
reasoning
Raco (Yu et al, 2022)
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» Naive RAG

Step1 Indexing Step3 Generation _
o _ o _ _ Naive RAG

1. Divide the document into even The original query and the retrieved text are combined

chunks, each chunk being a and input into a LLM to get the final answer

piece of the original text. X

: . | Offline
2. Using the encoding model to - ncﬁ
' ' B

generate an embedding for each @’) @ @ _ O

Chunck. URLs PDFs  Database Ib I:D M
3 Store the Embedding of each o Documents Document Chunks \L"Jectcr Databased}

block in the vector database. @

; !\ QB

Step2 Retrival User Query Related Document Chunks I
Retrieve the k most relevant L / J
documents using vector similarity a i —
search. Augmented Prompt oM

Source: Haofen Wang



Chunks/Passages in RAG (Retrieval Augmented Generation)

1) What is a “Chunk”?

In RAG, a chunk is a small, retrievable unit of text created by splitting a
larger document (PDF, web page, book, codebase, database record).

Instead of embedding or retrieving entire documents, RAG systems work with
chunks so that:

— Retrieval is more precise

— Context windows are used efficiently

— The LLM sees only relevant information

Simple definition
A chunk is the smallest meaningful piece of information you retrieve and
send to the LLM.




Chunks/Passages in RAG (Retrieval Augmented Generation)

* |2) Why Chunking Is Critical in RAG

quality.

Problem

Long documents
Semantic search
Context window
Hallucinations
Cost

Chunking directly affects retrieval quality, which in turn affects answer

Poor chunking = perfect embeddings still fail.
Key reasons chunking matters

Without Proper Chunking
Relevant info buried
Embeddings too generic
Quickly exhausted

Missing key facts

More tokens, higher latency



Chunks/Passages in RAG (Retrieval Augmented Generation)

* (3]) The Chunking Pipeline
« Atypical RAG ingestion pipeline:
— Raw Documents

!

— Text Cleaning

l
— Chunking (Split into pieces)

!
— Metadata Attachment

l

— Embedding Generation

l

— Vector Database
« Chunking is done once during indexing, not at query time.



Chunks/Passages in RAG (Retrieval Augmented Generation)

4] Chunk Size (The Most Important Decision)

Token-Based vs Character-Based

Most modern systems use token-based chunking, not characters.
Common Chunk Sizes

Use Case Chunk Size (tokens)
FAQs 150-300
Technical docs 300-500
Academic papers 500-800
Code 100-300

Legal / contracts 800-1,200



Chunks/Passages in RAG (Retrieval Augmented Generation)

* [58) Chunk Overlap (Context Preservation)

 Information often spans boundaries. Overlap prevents losing meaning.
 Example

e Chunk 1: tokens 0—400

e Chunk 2: tokens 350-750

* Overlap: 50 tokens

« Typical overlap values

Chunk Size Overlap
200 20-40
400 40-80

800 80-150



Chunks/Passages in RAG (Retrieval Augmented Generation)

Types of Chunking Strategies
1. Fixed-Size Chunking (Naive)
. Split every N tokens
. Fast and simple
. Often breaks semantic boundaries
[ Good fordemos
>{ Poor semantic quality

2. Recursive / Structural Chunking (Best Practice [)
Splits text based on structure, then enforces max length.
Hierarchy example:
Document

— Section

| — Subsection

| | |— Paragraph

This preserves:

. Headings

. Paragraph meaning

*  Logical flow

. L Most common in production RAG



Chunks/Passages in RAG (Retrieval Augmented Generation)

3. Semantic Chunking

Uses embeddings or models to split by semantic shifts instead of size.
Example:

. Topic change detected > new chunk

L Excellent coherence
) ¢ Expensive and slower

Used in advanced and research-grade RAG systems.

4. Domain-Specific Chunking

Customized rules depending on data type:

Data Type Chunk Strategy
Code Function / class level
Research papers Section + paragraph
Legal Clause / article
Tables Row groups

Logs Time window



Chunks/Passages in RAG (Retrieval Augmented Generation)

7. Chunk Metadata (Often More Important Than Chunk Text)
Each chunk should carry metadata.

Common metadata fields
{
"source": "ISO_Concrete_Standard.pdf",
"section": "3.2 Definitions",
"page": 12,
"date": "2022",
"author": "ISO",

"topic": "concrete durability"
}
Metadata enables:
Filtering (by date, section)
Hybrid search
Better reranking
Citations
<. Advanced RAG often retrieves by metadata first, embeddings second.



Chunks/Passages in RAG (Retrieval Augmented Generation)

How Many Chunks Are Retrieved?

Typically top-k chunks:

k Use

3-5 Simple QA

5-8 Technical answers
8-15 Complex synthesis
Beyond that:

LLM degrades
Hallucinations increase

[ Better to retrieve fewer high-quality chunks.



Chunks/Passages in RAG (Retrieval Augmented Generation)

The context window is the maximum number of tokens an LLM can process at once, including:
. System instructions

. Conversation history

. Retrieved RAG chunks

. The user's question

If information is outside the context window, the model cannot see or reason about it.

Token Budget Breakdown (Example: 8k model)

What Consumes the Context Window? Component Tokens
A typical RAG prompt looks like this: System prompt 300
[System prompt] Memory / chat history 1,500
[Safety / style instructions] RAG chunks (5 x 600) 3.000
[Conversation history] ) ’
[Retrieved chunks] User question 100
[User question] Response budget 2,000
Total ~6,900

In a RAG (Retrieval-Augmented Generation) prompt, the response budget is the portion of the model's context window reserved for the
model’s own generated answer. If you don’t reserve enough tokens for the response:

« The answer gets cut off

* Reasoning chains are truncated

*  Outputs become incomplete or incoherent



Chunks/Passages in RAG (Retrieval Augmented Generation)

9. Chunking vs Context Window

Model Context Practical Retrieval
8k tokens 2-4 chunks

16k tokens 4-8 chunks

32k tokens 8-15 chunks

I Bigger context # better answers if chunks are weak.

Best-Practice Checklist [

v Use token-based sizing

v Prefer recursive / structural splitting

v Add overlap (10-20%)

v Attach rich metadata

v Tune chunk size per domain

v/ Evaluate with retrieval metrics, not just LLM output



Vector Databases in RAG

1. What Is a Vector Database?
A vector database stores embeddings (numerical vectors) and allows fast similarity search
over them.

In RAG, it is the component that answers the question:
“Which pieces of knowledge are most semantically related to this query?”
Instead of keyword matching, vector DBs use semantic similarity.

2. Why Vector Databases Are Central to RAG

LLMs do not search — they generate.

Vector databases retrieve knowledge.

RAG works because:

. Documents > embeddings

. Query~>embedding

. Similar vectors = similar meaning

Without a vector DB, RAG collapses into:

. Keyword search only (low recall)

« Orfull-document stuffing (high cost + hallucinations)



3. High-Level RAG Flow with a Vector DB
Offline (Indexing)

Documents
Y

Chunking
Y

Embedding Model
Y

Vectors + Metadata
Y

Vector Database

Online (Query)

User Query
Y

Embedding Model
2

Similarity Search (Top-k)
2

Retrieved Chunks
)

LLM Answer

Vector Databases in RAG

Similarity Search: How Retrieval Works

Metric

Cosine similarity L2
Dot product
Euclidean distance

Used When

Most common
Normalized embeddings
Less common for text



Vector Databases Commonly Used in RAG

Open-Source

DB Strength

FAISS Fast, local, research
Chroma Simple, RAG-focused
Milvus Distributed, scalable
Weaviate Hybrid search + schema
Managed / Cloud

DB Strength

Pinecone Fully managed, robust
Qdrant Strong filtering

Azure Al Search Enterprise integration

OpenSearch Keyword + vector



» Advanced RAG
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Source: Haofen Wang



» Modular RAG
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Read = Retrieve Generate

- Demonstrate

P S S,

'
Search : Predict = Generate

Retrieve = Read

L 1

Rewrite

b o e - -

Retriecve © Read = Generate

- —— - —_————_—a oo ————e o —— - - ———




A R

fBELS

» Comparison of RAG Paradigms
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» Overview of RAG Development
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Augmenta | ‘ y Feng ¢t o, 2023)
' Recursive Retrieval IRCOT [Trivodt ot al, 2022) ; ToC [Kim ot al, 2023)

mu-mn&.ms; s-umwuan.mn
Adaptive Retrieval i RAVEN [Huang et al,, 202
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EvaluationMethods

Independent Evaluation

Retriever
Evaluate the Quality of Text

Blocks Retrieved by the Query
Metrics: MRP, Hit Rate, NDCG

Generation/Synthesis
Quality of Context Enhanced with
Retrieved Documents Evaluation
Metrics: Context Relevance

» How to Evaluate the Eftectiveness of RAG

End-to-End Evaluation

Evaluate the content ultimately generated by the model.

By generated conten

With labels: EM, Accuracy

Without labels: Fidelity,
Relevance, Harmlessness

By evaluation method
Human evaluation
Automatic evaluation (LLM

Judge)

Key Metrics & Capabilities

Answer Relevance
Is the answer relevant to
the query?

Assessment Framework

Key Metrics

Context Relevance:

Is the context enhanced with
retrieved documents relevant
to the query?

Answer Fidelity:
Is the answer based on the
given context?

Based on handwritten prompt

Use LLM as the adjudicator judge.

 TruLens J RAGAS
|

Synthetic dataset + Fine-tuning + Ranking using
confidence intervals

Key Capabilities

4 Noise Robustness
Can the model extract useful
information from noisy
documents?

Negative Rejection
When therequired knowledge is not
exsiting in the retrieved documents, the
answer should be refused. y,

Info Integration
Can the model answer complex
questions that require integrating
information from multiple documents?

Counterfactual Robustness
Can the model recognize the risk of
known factual errors in the retrieved

documents?
vy

Source: Haofen Wang

» Answer Fidelity

Evaluation

»  Answer Relevance

+ Contextual Relevance




» Existing Tech Stack for RAG

( Models

| Agents : * “¢=  Chains ‘:

Name Pros Cons EONS

{ "'.;‘\Langctmaln.__," 3t

| Memory e { Prompts |

: Inconsistent behavior ,API 7
LangChain : 2 | indexes
conceals details,complexil .
low flexi LangChain
FlowiseAl
Requires combination use, !
Llamalndex Focus on RAG q e
: Easy to get started, 1alized Does not support complex
FlowiseAl 4 g‘ iy pP , ‘
Adapts to multi-agent Low efficiency, requires multiple ORISR R
Autolen pq narios r ndsyfd?l f d — = —
scenarios. ounds of dialogue. Flamafadex o At Commersatons
s W T i
[_: ' E iom':hn _l;ll.‘fl'ﬂ\_'t)l ch:
Agent Customization Flexible Conversation Patterns
AutoGen

Source: Haofen Wang



» Existing Tech Stack for RAG

( Models

| Agents : ffped=i  Chiins ‘:

Name Pros Cons

£ \ LangChain / **

| Memory = — - 5~ Prompts |

: Inconsistent behavior ,API Y
LangChain : 2 | indexes
conceals details,complexil .
low flexi LangChain
FlowiseAl
Requires combination use, !
Llamalndex Focus on RAG q e
: Easy to get started, lalized Does not support comple:
FlowiseAl 4 g‘ e pP ’ |
Adapts to multi-agent Low efficiency, requires multiple @ @
Autolen pq narios r ndsyfd?l f d — = —
scenarios. ounds of dialogue. Llamalndex A Multi-Agent Conversations
:_.n | ;’_'.") ;\‘ /[—) ~ {tl\
[_: ' "_‘J iom':;rm _l;ll.‘fl'ﬂ\_'t)l ch:
Agent Customization Flexible Conversation Patterns
AutoGen

Source: Haofen Wang



» Summary — The Framework of RAG

»RAG Ecosystem

Downstream Tasks

Technology Stacks

( Dialogue )(Question answeringj

( Langchain J [ Llamalndex)

(Summarizatiora( Fact verification j

Naive RAG

~ Advanced RAG

( FlowiseAl J[ AutoGen )

————————————————————————————

Modular RAG

> Techniques for Better RAG

( Chunk Optimization ) (Iterative Retrieval j (Retriever Fine-tuning)

[ Query Rewriting ) ( Recursive Retrieval J (Generator Fine-tuning)

(
[
|
|
|
: ( Rerank )[ Adaptive Retrieval ]( Dual Fine-tuning )
|
[
| »Key Issues of RAG
|
: What to When to
| retrieve retrieve
\
\ % \ \
e — .

»RAG Prospect
Challenges Modality Extension Ecosystem
[Context Length) (Robustness) ( Image ) (Customization)

[ Hybrid J@ole of LLMs) ( Audio )

[ Scaling-laws for RAG ) ( Video )

[Simpliﬁcation)

[ Production-ready RAG ) ( Code j

(Specializationj

/ »Evaluation of RAG

Evaluation Target

( Retrieval Quality ) ( Generation Quality )

Evaluation Aspects

( Answer Relevance ) ( Noise Robustness )

( Negation Rejection )

( Context Relevance )

( Information Integration )

( Answer Faithfulness ) (Counterfactual Robustness)

Evaluation Framework

Benchmarks [ RGB )

(RECALL )

\ Tools [TruLens) [RAGAS ) [ ARES J /
g

e/




» Summary —— Three Trends of RAG
» The Scaling Law of RAG Models

 How to Improve the Efficiency of Retrieving

Technology Large-scale Data

« Mitigation of Forgetting in Long-context Scenarios

*  Enhancement of Multimodal Retrieval

4 ™\ * Modularity Will Become Mainstream
. +  Patterns for Module Organization Await
RAG Paradigm
Refinement
N S * Evaluation Systems Need to Evolve and Improve

with Time

» Preliminary Formation of Toolchain Technology Stack

Ecological
Environment

*  One-stop Platform Still Requires Polishing

» Explosion of Enterprise-level Applications

Source: Haofen Wang



Long context

Retrieved content is excessive, cxceeding

window limit.

the Milddle.

there still a need for RAG?

The context 1s too long to result [ost in

If the context window is not limited, 18

How to handle the incorrect content retrieved

How to filicr and verily the content retrieved.

How to improve the model's resistance to

toxicity and noise

W Prospects — Existing Challengs of RAG
Further address the challenges faced by RAG itself

Coordination with FT

How to simultaneously leverage the

effects of RAG and I'T
How do the two coordinate, how are
they organized, is it in Pipeline,

alternating, or end-to-end?

Scaling Law

Does the RAG model satisfy the Scaling
Law

Does RAG exhibit, or under what
scenarios does it exhibit an [nverse Scaling
Law

Source: Haofen Wang

The role of LLLMs

LLM can be used for retrieval (LLM
generation replaces retrieval, retrieving
from LLM memory), for ceneration, and

for cvaluation. How to further explore the

potential of LLM in RAG.

Engineering Practice

How to reduce the latency of retrieving
ultra-large-scale corpora.
How to ensure that the content retrieved is

not leaked by large models



W Prospects — Mult-Modality Extension

Transferring the concept of RAG from text to other modalities of data

(2) Overview of Retrieval-Augmented Multimodal Model

(¢) Retrieval-Augmented Generator
Lows fov the muin doc

(b) Demse Multimodal Retricver L aheadne w11t ing mn m
— e
bench near water &
flquery, mesory) —+ score Lot fec tha retrieved do0
€5 Extmsion of CLP — e
n ¢ “
' — ey
-— . v Bt ‘3 an Gocument

m ‘E P
Labrador retriover
. ‘ ' — Lo o soses setig .
- Sitting oo bench t - ety = E
Sty St v s Memory (oo v wthin 4 G =4
Matmpd ol € vty - 3 v

RA-CM3 [Yasunaga et al.,2023]

top-K | i o . just off of scotland | |
Reference Set | == | [ RS the shetland | |
 / ” sheepdog was | |
g developed as. -5
query ] ---------------------------------------------------

{1 | m—’DDDDD_’ Retrieval Augmented Module —s i m im0
image embedding (RAM) augmented

image embedding
____________________________________________________________________________________ |

Brittany dog

00000 D

5":“::‘ 5":""“" Aphoto of a Dooog A photo of 3
e | [ gt | (e 86500~ O~ [oiioe
- 00000 =
category embeddings

RA-CLIP [Xie et al.,2023]

Code

“A bottle of champagne Audio & @ ; P @
> d and th - LDM e G - from pygments import
ol o st 5 CLAP & Retrieval i Language » | 1 Gcncrale. HTTML.wnhp)Ihon e, code = ‘print(“reading docs”)’
poured into.a glass Encoder i Cross Attention mtax highlighting f
Input prompt - Feature i s‘;na.(t( g "gg :‘ng f)’": s = highlight(code, PythonLexer(),
rint(‘reading docs
3 HtmlFormatter())

- ———

VAE
) AucioaE (T
: Feature

A formatter takes the token stream and writes it @

Pygment is a generic syntax highlighter B
@)  toanoutputfile ...

e o Iy A lexer splits the source into tokens, fragments ... class HimIFormatter n
“Some water ! T5 . =
|  ispopped  “Water pure 4 1 Language Format tokens as HTML 4 <s tags with ...
Db | while aman intothe glass® Pureintothe , l it Pepitepepecimnpnp class PythonLexer B < iy
L _talks iy ' For Python source code = EEEREERERRREEREREEEE
0N, e o s i e, s oy . e . e s . s - OutputWaveform on C} ] | N SN (] | ] S S ] ) == @

Re-AudioLDM [Yuan et al.,2023] DocPrompting [Zhou et al.,2023]

Source: Haofen Wang



W Prospects —— Development of RAG Ecosystem

Further expand the downstream tasks of RAG and improve ecological construction

missing, search

Downstream Task Development and Evaluation i e oo

he s Distgn, Ml | Adter bbb st fhe e g AN T "-“ underway
F— N e M) er e, LBy | e et aparbeagininss oo Jun 19,2023
BN e e R e e _
e | pieutetstatysetesttge 4 L1\ Ma. Y Expeditions = 8«0 .. A
User History Next item y £ 3 by
Mmmx Red shoes, Brand Y Orange shoes, Brand Y Filter 1, & e e (W 3
[ Atomic Item ID: 233 ; Atomic Item ID: 515 Atomic Item ID: 64 Small LM e e A 1
e Wit s US. Coast |
Semantic ID AR G-l"l |
Generator . :l
Where ’
o i | ot P e iy b N B T AT S
(5.23,55) (5.25,78) RERL e AR ez s S I N s e S -2
2 < = SubClassOf _ - =
ey L}ad .....
Rccommen(.latlon System Information extraction Report generation
TIGER [Rajput et al2023] Filter- Rerank [Ma et al.,2023] | FABULA [Ranade et al.,2023]

Technology Stack Construction

» Customized function, meeting a variety @ Ve I'ba

QI haystack

of need§ . (1Y | The Golden RAGtriever
» Simplified use, further reducing the
barrier to entry. Open-source framework for

Personal Knowledge

*  Specialized functions, gradually towards ;
Assistant Based on RAG

production environments.

production environments

Source: Haofen Wang
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RAG Survey

 Most of the slides from
— Our paper : https://arxiv.org/abs/2312.10997
— Our GitHub: https://github.com/Tonqji-KGLLM/RAG-Survey
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